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Experimental basinsThe importance of soil moisture is recognized in rainfall–runoff processes. This study quantitatively
investigates the use of soil moisture measured at 10, 20, and 40 cm soil depths along with rainfall in pre-
dicting runoff. For this purpose, two small sub-catchments of Tiber River Basin, in Italy, were instru-
mented during periods of October 2002–March 2003 and January–April 2004. Colorso Basin is about
13 km2 and Niccone basin 137 km2. Rainfall plus soil moisture at 10, 20, and 40 cm formed the input vec-
tor while the discharge was the target output in the model of generalized regression neural network
(GRNN). The model for each basin was calibrated and tested using October 2002–March 2003 data.
The calibrated and tested GRNN was then employed to predict runoff for each basin for the period of Jan-
uary–April 2004. The model performance was found to be satisfactory with determination coefficient, R2,
equal to 0.87 and Nash–Sutcliffe efficiency, NS, equal to 0.86 in the validation phase for both catchments.
The investigation of effects of soil moisture on runoff prediction revealed that the addition of soil mois-
ture data, along with rainfall, tremendously improves the performance of the model. The sensitivity anal-
ysis indicated that the use of soil moisture data at different depths allows to preserve the memory of the
system thus having a similar effect of employing the past values of rainfall, but with improved GRNN
performance.
 2014 Elsevier B.V. All rights reserved.1. Introduction
The importance of soil moisture on runoff, infiltration, and
evapotranspiration is well recognized in the literature (Goodrich
et al., 1994; Merz and Plate, 1997; Scipal et al., 2008; Brocca
et al., 2009a, among others). Specific monitoring programs (Merz
and Bardossy, 1998; Aubert et al., 2003; Castillo et al., 2003; Brocca
et al., 2009a; Matgen et al., 2012; Morbidelli et al., 2012) and mod-
elling studies (Gautam et al., 2000; Anctil et al., 2004; Komma
et al., 2008; Berthet et al., 2009; Sheikh et al., 2009; Brocca et al.,
2012; Tramblay et al., 2012; Van Steenbergen and Willems,
2013) were carried out to investigate the influence of soil moisture
on producing runoff hydrographs.
Several studies investigated the benefit of using soil moisture
observations within rainfall–runoff models. First applications con-
sidered soil moisture data for the improvement of the calibration
and verification of rainfall–runoff models (Wooldridge et al.,
2003; Koren et al., 2008; Parajka et al., 2009). Other studies directly
used the observations for the assessment of the antecedentwetness conditions through in situ (Meyles et al., 2003; Huang
et al., 2007; Tramblay et al., 2010; Zehe et al., 2010) and remotely
sensed (Jacobs et al., 2003; Brocca et al., 2009b; Beck et al., 2009)
estimates. For instance, Goodrich et al. (1994) monitored two
sub-catchments of 0.044 km2 and 6.31 km2 size in Walnut Gulch
experimental watershed of the U.S. Department of Agriculture.
They pointed out that a basin-wide remotely sensed average initial
soil moisture can be sufficient for rainfall–runoff modelling in
semiarid regions provided that the spatial–temporal variability of
rainfall is accurately known. Brocca et al. (2009a), at five nested
catchments (13–137 km2) in central Italy, found that the integra-
tion of in situ soil moisture observations into a simple event-based
rainfall–runoff model improved the prediction of runoff hydro-
graphs with respect to the use of antecedent precipitation and
baseflow indices. Grayson and Western (1998) suggested that a
network of a limited number of soil moisture sensors can provide
reliable estimates of areal mean soil moisture time series that
can potentially be used as antecedent conditions data. All these
studies suggest that in situ soil moisture data from a small number
of locations can provide useful information for improving runoff
prediction at the basin scale.
Several studies employed artificial intelligence techniques (or
data driven techniques) for modelling the rainfall–runoff transfor-
mation process (see Elshorbagy et al., 2010 for a recent review of
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use (modelled or observed) soil moisture data for runoff prediction
(Gautam et al., 2000; Anctil et al., 2004, 2008; Casper et al., 2007).
Gautam et al. (2000) used a back propagation Neural Network (NN)
to predict runoff employing only soil moisture data measured at 20
and 40 cm, without rainfall, in Tono catchment in Japan (0.52 km2).
The catchment had steep slopes and is located in a humid region
where most of the time period it is saturated with very low evap-
oration rates (Gautam et al., 2000). The authors found the 40 cm
soil moisture at a downslope location provides the most important
information for runoff estimation. However, Gautam et al. (2000)
concluded that every basin has its own characteristics and the
use of different location, in space and in depth, might be more
appropriate for soil moisture monitoring. Anctil et al. (2004) em-
ployed data from a river catchment (Seine River near Paris) that
drains 1949 km2 area with a travel time of about 3 days. They em-
ployed daily values of discharge, soil moisture index, rainfall and
potential evaporation for predicting runoff through a multilayer
perceptron NN. The use of the soil moisture index as additional in-
put into the NN resulted in increased simulation skills. In another
study, Anctil et al. (2008) used a similar dataset from 104 km2
catchment in France for forecasting daily flow rates, but using in
situ soil moisture observations at 5, 35 and 95 cm depth still
obtaining improved performance.
Considering that the previous analyses are based on daily data
at most, a Generalized Regression Neural Network (GRNN) was
adopted in this study for predicting runoff by using half-hourly
rainfall and in situ soil moisture observations at 10, 20 and
40 cm depth. In fact, the GRNN model is also found to slightly out-
perform other NN techniques (Kim et al., 2013) and, for that, it is
selected for this study. Two different catchments, subjected to
the Mediterranean climate, with drainage area of 13 and 137 km2
were used in order to investigate the effect of the catchment areaFig. 1. Location of the catchments and hydon the GRNN performance along with to test the GRNN model at
hourly time scale differently from Anctil et al. (2004, 2008).2. Experimental catchments and dataset
The Niccone catchment (Fig. 1) is located in central Italy and is a
subcatchment of the Tiber River Basin. The Niccone catchment has
a size of 137 km2 at Migianella river section with elevation be-
tween 249 and 887 m above sea level and a mean catchment slope
of 25%. The Colorso stream is a tributary of the Niccone stream and
the catchment has an area of 13 km2 at Pian di Marte river section
(see Fig. 1). The Niccone catchment is characterized by the Medi-
terranean climate with precipitation mostly in the autumn–spring
period, when floods generally occur. Based on the period 1989–
2012, the average annual precipitation was about 870 mm equally
distributed on the whole catchment. The maximummean monthly
precipitation occurs in November (on average 125 mm) and the
minimum in July (32 mm). The mean annual runoff is 270 mm
ranging between 85 mm (in the dry year of 2007) and 700 mm
(in 2010). The peak runoff occurs during December and April. In
the summer period, the minimum and maximummonthly temper-
ature values, on average, are 13.5 C and 22.5 C, respectively;
whereas in the winter period they are 4.0 C and 10.5 C,
respectively.
The catchment lithology is mainly characterized by layered
sandstones interleaved with thin marls and pelitic levels (72.8%),
second by clays with chaotic structure (15.0%) and third by alluvial
deposits constituted by gravel and sand (11.7%). The predominant
land use, that covers nearly 60% of the total catchment area, is
wooded and of the remainder 32% is cropland and 10% is
rangeland.
The study area has been operating a dense hydrometeorological
network (Fig. 1) with 8 raingauges, 2 hydrometric gauges and 2rometeorological monitoring network.
Table 1
Main characteristics of the two nested study catchments.
Catchment Area (km2) Mean slope (%) River length (km) Land use (%)
Wood land Crop land Range land Pasture Urban
Niccone 137 25 18.1 55 32 10 2.7 0.3
Colorso 13 28 5.4 71 17.9 0 10.9 0.1
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with a time resolution of 30 min. These hydrometric stations allow
analyzing the hydrological behaviour of two different catchments
(Niccone and Colorso) whose main geomorphological characteris-
tics are given in Table 1.
The experimental soil moisture data set selected for this study
covers the period from October 2002 to April 2004 except from
April to December 2003, due to drawbacks with acquisition. Soil
moisture was monitored at depths of 10 cm, 20 cm, and 40 cm
with six continuous Frequency Domain Reflectometry (FDR) sen-
sors located in an experimental plot of 1 ha (Sentek Sensor Tech-
nologies, 1997). The average of the six sensors at different depths
is used as ‘observed’ soil moisture data here in after. Fig. 2 shows
temporal variation of measured soil moisture data, along with pre-
cipitation and discharge for the Niccone and Colorso catchments
subtended by the equipped section of Migianella and Pian di Marte,
respectively. As it can be seen, soil moisture at 10 cm depth shows
a rapid rise during heavy rainfall, followed by a recession which
differs according to the period of the year and to the meteorologi-
cal condition. The sensors at 20 and 40 cm depth show a delayed
response to rainfall and also saturate conditions during very wet
periods.
Previous studies in the Niccone and Colorso catchments (Brocca
et al., 2009a; Camici et al., 2011) highlighted the strong influence
of the initial soil moisture conditions in the runoff generation
mechanism of the study area, as it usually occurs for Mediterra-
nean catchments (Tramblay et al., 2012). Specifically, the basins
are characterized by a quick runoff response (Brocca et al., 2011)
likely dominated by shallow subsurface flow taking place near
the surface layer of soil. Therefore, it would be of interest to inves-
tigate which soil layer needs to be monitored for the estimation of
runoff in these basins. This issue is addressed by the application of
the ANN technique in this study.3. Generalized regression neural network (grnn)
GRNN is a method for estimating a joint probability density
function (pdf) of x and y given only a training set. If f(x,y) repre-
sents a joint continuous pdf of a vector random variable x and a
scalar random variable y, then the estimation can be expressed
as follows (Cigizoglu, 2005):
E½y xj  ¼
R1
1 yf ðx; yÞdyR1
1 f ðx; yÞdy
ð1Þ
The density function f(x,y) must usually be estimated from a
sample of observations of x and y (Cigizoglu, 2005):
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where f^ ðx; yÞ is the probability estimator, which is based upon the
sample values xi and yi of the random variables x and y, n is the
number of sample observations, T is the transpose of vector
(x–xi). r is the smoothing parameter and p is the dimension ofthe vector variable x. Note that xi and yi being the input and output
data respectively in Eq. (2) forms a training pattern.
A physical interpretation of the probability estimate f^ ðx; yÞ is
that it assigns sample probability of width r for each sample xi
and yi, and the probability estimate is the sum of those sample
probabilities. Defining the scalar function di as:
d2i ¼ ðx xiÞTðx xiÞ ð3Þ
and substituting into Eq. (2) and performing the indicated integra-
tions in Eq. (1) yields the following for the estimation of output var-
iable, y:
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In Eq. (4), yi represents output data while di is defined by Eq. (3)
involving input data. When r is made large, the estimated density
is forced to be smooth and in the limit becomes a multivariate
Gaussian with covariance r2I where I is the identity (Cigizoglu,
2005). On the other hand, a smaller value of r allows the estimated
density to assume non-Gaussian shapes, but with a disadvantage
that extreme points may have a negative effect on the estimate.
Its optimal value is often determined experimentally by using in-
put–output data in Eq. (4) (Kim et al., 2013). Eq. (4) is directly
applicable to problems involving numerical data.
The structure of the GRNN consists of four layers (Fig. 3): Input
layer, Pattern layer, Summation layer, and Output layer (Tsoukalas
and Uhrig, 1997). Neurons in each layer are fully connected to each
other. The number of input units in the first layer is equal to the
total number of input variables. The second layer has the pattern
units and the outputs of this layer are passed onto the summation
units in the third layer. Each unit in the pattern layer represents a
training pattern and its output is a measure of the distance of the
input from the stored patterns. The summation layer has two
units: S-summation neuron and D-summation neuron (Seckin
et al., 2013). The S-summation neuron computes the sum of the
weighted outputs of the pattern layer while the D-summation neu-
ron calculates the non-weighted outputs of the pattern neurons.
The connection weights are set unity between pattern (hidden)
layer neurons and the D-summation neuron (Kim et al., 2013).
The output layer divides the output of each S-summation neuron
by that of each D-summation neuron, yielding the predicted value
to an unknown vector.
More details on GRNN are given elsewhere (Tsoukalas and Uh-
rig, 1997; Cigizoglu and Alp, 2006; Tayfur, 2012; Seckin et al.,
2013; Kim et al., 2013). The GRNN, in the scientific literature,
was employed for estimations of monthly flow rates (Cigizoglu,
2005), daily suspended sediments (Cigizoglu and Alp, 2006), an-
nual peak flows (Seckin et al., 2013) and daily evaporation rates
(Kim et al., 2013).
In this study, the package program of NeuroTools of Palisade
Corporation was employed. The details of this package program
can be obtained from the manual book of the NeuroTools (Palisade
Corporation, 2012). The training, testing, and prediction proce-
dures can be carried out in GRNN. Available data is generally first
divided into two sets as training and prediction. The training set
Fig. 2. Temporal variation of rainfall, soil moisture, and discharge for Niccone and Colorso catchments.
Fig. 3. Schematic representation of the Generalized Regression Neural Network (GRNN).
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portion is generally 80% for training and 20% for testing which is
suggested in the literature (Palisade Corporation, 2012). When
there is limited number of data sets, one can then reduce the por-
tion of testing data sets or not to use it at all. This is because; the
objective is, with sufficient data sets, to carry out the training suc-
cessfully whereby the model learns generalization. Often, when
there is enough data, which is the case in this study, in order to test
the generalization of the model, data from the same training set
(randomly chosen 20%) is used for testing the performance of thetraining. The calibrated (and often tested) model can then be used
to predict the data spared for the prediction stage.4. Results
4.1. Investigating influence of soil moisture on runoff prediction
In order to investigate the importance of soil moisture data for
runoff prediction, the whole dataset (October 2002–March 2003
G. Tayfur et al. / Journal of Hydrology 510 (2014) 363–371 367plus January 2004–March 2004) was initially used in the GRNN
model. First, rainfall was the only input. Then, in each model, soil
moisture at 10 cm (denoted by SM10 hereafter), then at 20 cm (de-
noted by SM20 hereafter), and then at 40 cm (denoted by SM40
hereafter) were included in the input vector. For each model con-
figuration, the performance of the model was evaluated in terms
of coefficient of determination, R2, and Root Mean Square Error,
RMSE. Fig. 4 summarizes the results for Niccone and Colorso catch-
ments. As it can be seen, by employing only the rainfall as input to
predict runoff provided very low performance (R2 = 0.04 and 0.09
for Niccone and Colorso, respectively). By including SM10 along
with rainfall tremendously improved the model performance
(R2 = 0.69 and 0.78). Then, adding SM20 further improved the re-
sults (R2 = 0.92 and 0.97) and finally, SM40 slightly improved the
runoff predictions only for Niccone catchment (R2 = 0.99). More-
over, for Niccone catchment the higher improvements in the GRNN
model results were obtained by considering SM20, differently from
Colorso for which SM10, in general, provided better performance.
These differences might be explained by the soil layer depth that
is more influencing the runoff generation in the two catchments.
Specifically, a shallower soil layer is found to be more representa-
tive for the smallest Colorso catchment that is characterized by a
faster runoff response. Interestingly, the model performance was
found to be quite similar for the two catchments characterized
by different size (13 and 137 km2). This highlights that local scale
(1 ha) soil moisture measurements contains useful information
that can be scaled up to 150 km2 without losing in GRNN model
performance (at least for the case study analyzed here).
4.2. Model training, testing, and prediction
A more robust assessment of the GRNN model was carried out
by training the model with data (SM10, SM20, SM40, rainfall and
discharge) of the period of October 2002–March 2003 for both
catchments. Note that when the GRNN model was trained, 20%
of the training data were randomly chosen for testing the perfor-
mance of the model (see below). This is done to test the generaliza-
tion capability of the trained network. The more data are used in
training of the network; the better would be the generalizationFig. 4. Determination coefficient, R2, and Root Mean Square Error, RMSE, for predicting
vector (RAIN: rainfall, SM10, SM20, SM40: soil moisture at 10, 20 and 40 cm).of the model (Tayfur, 2012). Hence, as pointed out earlier, generally
20% of the data is spared for testing purpose considering that the
model is further tested in the prediction stage.
Figs. 5 and 6 present the model simulations at the end of the
training and testing stages for Niccone and Colorso catchments.
Table 2 summarizes the performance measures for the respective
stages for both the catchments.
The training were successfully accomplished for both the catch-
ments with R2 = 0.97 for Niccone and R2 = 0.81 for Colorso catch-
ment. The capturing of the temporal variation of runoff,
including low and high values was satisfactory for Niccone catch-
ment (Fig. 5). For Colorso catchment, the model could not capture
the peak value during the training stage, although the temporal
variation of discharge was well simulated (Fig. 6). The related scat-
ter diagram shows the data more closely and evenly distributed
along the regression line in the case of Niccone catchment
(Fig. 5) than that of Colorso catchment (Fig. 6).
The testing was carried out against 20% of the randomly chosen
training data (October 2002–March 2003) for both the catchments.
The results are shown in Figs. 5 and 6 for the two catchments. As it
can be seen, the models performed satisfactorily with R2 = 0.77 for
Niccone and R2 = 0.75 for Colorso catchment (see Table 2). The
model almost captured the temporal variation of runoff including
the peak values in the case of Niccone catchment while a slight
underestimation was observed for Colorso catchment.
The trained and tested models were then employed for predic-
tive purpose for the period January 2004–March 2004. Fig. 7 show
the prediction results for each catchment. The model performance
is satisfactory for both catchments with R2 = 0.87 and NS = 0.86
(see Table 2). The models well captured the temporal variation of
runoff including the peak values. As before (see Fig. 4), the model
performance is the same for both catchments.
4.3. Sensitivity analysis
The hourly cross-correlation values between the input variables
(SM10, SM20, SM40, rainfall) and the output variable (discharge)
were obtained for both the catchments. Fig. 8 shows the sample
cross-correlation versus the lag (in hours) for both catchments.runoff through the GRNN model and by using different configurations for the input
Fig. 5. Training and testing results for Niccone catchment at Pian di Marte: timeseries (upper panel) and scatter diagram (lower panel).
Fig. 6. As in Fig. 5 for Colorso catchment.
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data at different depths for both the catchments with, more often
than not, maximum values at lag zero. For rainfall data, a recogniz-
able change of the cross-correlation with lag was obtained. Hence,
several test scenarios were carried out to investigate whether the
inclusion of past rainfall data in the input vector would improve
the results.Table 3 presents obtained R2-values for different test cases. As
discussed earlier in Fig. 4, SM20 plays a major role in Niccone
catchment while SM10 for Colorso basin. In other words, SM20 sig-
nificantly improves GRNN model performance for Niccone catch-
ment while SM10 does it for Colorso basin. Hence, as a first
choice of input vector; SM20 plus Rainfall, RAIN, for Niccone catch-
ment; and SM10 plus Rainfall for Colorso basin were employed. As
Table 2
GRNN model performance, in the calibration and validation periods, in terms of
determination coefficient, R2, Root Mean Square Error, RMSE, and Nash–Sutcliffe
efficiency, NS. The input data vector contains rainfall and soil moisture data at the
depths of 10, 20 and 40 cm.
R2 RMSE (m3 s1) NS
Niccone
Training 0.97 0.49 0.97
Testing 0.77 1.66 0.70
Prediction 0.87 1.89 0.87
Colorso
Training 0.81 0.07 0.80
Testing 0.75 0.07 0.62
Prediction 0.87 0.14 0.86
Fig. 7. Validation results for Niccone (left) and Colorso (right) catchments: timeseries (upper panels) and scatter diagram (lower panels).
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mance for both catchments with R2 0.78. When past values of
rainfall, RAIN(t  1), . . ., RAIN(t  5), were added in the each input
vector, the prediction results improved from 0.78 to 0.87 for
both catchments. On the other hand, the results did not further im-
prove after adding more moisture information (see Table 3).
When one compares results in Tables 2 and 3; input vector of
SM10, SM20, SM40 plus present RAIN(t) produces the same perfor-
mance of R2 = 0.87 (Table 2) as the input vector of SM20 plus pres-
ent and 5 past values rainfall for Niccone catchment (Table 3).
Similarly, input vector of SM10, SM20, SM40 plus present RAIN(t)
produces the same performance of R2 = 0.87 (Table 2) as the input
vector of SM10 plus present and 5 past values of rainfall for Colorso
basin (Table 3). That means using soil moistures measured at 10,
20 and 40 cm along with a present rainfall acts like employing only
SM20, present rainfall and past values of rainfall for Niccone catch-
ment. Similarly, employing soil moistures measured at 10, 20 and
40 cm along with a present rainfall acts like employing only SM10,present rainfall and past values of rainfall for Colorso basin. These
results imply that; the use of soil moisture data at different depths
allows to preserving the memory of the system thus having a sim-
ilar effect of employing the past values of rainfall.5. Discussion
In setting up the ANN model; soil moisture information at
10 cm (SM10), 20 cm (SM20), and 40 cm (SM40) were used as vari-
ables, along with rainfall (RAIN). For each variable, one neuron was
added to the input layer. The number of neurons in the hidden
layer was then decided as twice plus one of the number of neurons
in the input layer (ASCE 2000, Sen 2004, Tayfur, 2012). For in-
stance, when SM10 and RAIN were included in the input vector;
there were 2 and 5 neurons in the input and hidden layers, respec-
tively. Addition of more variables in the input vector, as discussed
above, resulted in change in the structure of the network and bet-
ter performance of the model.
ANN is a black box model which cannot reveal insight into the
physics of the process. On the other hand, it is quite practical and
can provide solutions in an easy and non-costly way. If one were to
apply the ANN model set up in this study to predict runoff in any
other region or within the same catchments subject to climate
and/or land use change; the network has to be restructured, recal-
ibrated and retested. Although this seems a shortcoming of ANN, it
is not really a major disadvantage. The restructuring, retraining
and retesting can be done in a very short period of time, provided
that data is available. In fact, we note that even for physics-based
models the recalibration and revalidation procedures have to be
performed, like the case in ANN, when they are applied for differ-
ent regions and climates. The calibration and validation of the
physics-based models, compared to ANN, would be timely and
costly. This is because; the physics-based models, in addition to
Fig. 8. Cross-correlation plots between rainfall and soil moisture at 10, 20 and 40 cm against runoff for Niccone (left) and Colorso.
Table 3
GRNN model performance in the prediction stage for different input vector (RAIN:
rainfall, SM10, SM20, SM40: soil moisture at 10, 20 and 40 cm).
Input data Prediction
Niccone catchment R2
SM20, RAIN(t) 0.79
SM20, RAIN(t), . . ., RAIN(t  5) 0.87
SM10, SM20, SM40, RAIN(t), . . ., RAIN(t  5) 0.87
Colorso catchment R2
SM10, RAIN(t) 0.78
SM10, RAIN(t), . . ., RAIN(t  5) 0.88
SM10, SM20, SM40, RAIN(t), . . ., RAIN(t  5) 0.87
370 G. Tayfur et al. / Journal of Hydrology 510 (2014) 363–371inherent numerical stability and convergence problems, require
substantial parameter estimation and distributed data. It can be
then stated that ANN model could be an alternative to the physics
based models in providing quick timely practical answers.
The importance of this study is that the use of soil moisture
measured at 10, 20 and 40 cm soil depths in a 1 ha area
(0.01 km2) along with rainfall in ANN model provides fairly good
estimates of runoff at 13 and 137 km2 area watersheds. Therefore,
for accurate estimations of runoff by ANN, it would be sufficient to
monitor soil moisture in 1 ha area. This is an important outcome in
the sense that there would be no need to have a dense soil mois-
ture monitoring system to be installed all over the watershed,
which would be too time consuming and costly.
Another important outcome of this study is that as the wa-
tershed size grows, the soil moisture monitoring depth increases.
For 13 km2 size Colorso basin, monitoring soil moisture at 10 cm
soil depth may be sufficient for ANN model to predict runoff. On
the other hand, for 137 km2 Niccone catchment, this monitoring
needs to be done in 20 cm soil depth. These would imply that if
one were to predict runoff at much larger scale, then the soil depth
might need to be increased.
Lastly, as it is presented in this study, the use of soil moisture in
GRNN model improves predictions. Researchers in other parts of
the world can use this information when building a neural network
model. By considering the widespread availability of satellite soil
moisture data (on a global scale and with daily temporal resolu-
tion, Massari et al., 2013), besides from in situ networks, thepossibility to incorporate soil moisture data into rainfall–runoff
modelling with neural network models could be easily done any-
where. This underlines the potential broader impact of this study.6. Conclusions
This study employed GRNN model to predict hourly runoff from
two small sizes (13 km2 and 137 km2) catchments in central Italy,
employing rainfall and soil moisture data measured at 10, 20, and
40 cm soil depths in the input data vector. The following conclu-
sions can be drawn from this study:
1. By employing only rainfall as an input into the GRNN model to
predict runoff gives inadequate results (Fig. 4).
2. The addition of soil moisture data into the input data vector
(along with rainfall) tremendously improves the runoff predic-
tive capability of the GRNN model (Fig. 4).
3. For both catchments, the GRNN model was found to satisfacto-
rily reproduce the observed discharge variations with determi-
nation coefficient, R2, equal to 0.87 and Nash–Sutcliffe
efficiency, NS, equal to 0.86 in the validation phase (Fig. 7 and
Table 2).
4. The similar model performance for the two catchments, that are
characterized by different size (13 and 137 km2), highlights that
local scale (1 ha) soil moisture measurements contains useful
information that can be scaled up to 150 km2.
5. The use of present and past values of rainfall data, along with
surface soil moisture, only slightly improves the GRNN
performance.
6. Using soil moisture data measured at different depths together
with present rainfall to predict discharge performs the same as
employing only the shallow soil moisture data together with
present and past (lag) rainfall values in the input vector. Thus,
soil moisture data at different depths has the effect to preserve
the memory of the system.
This study employed soil moisture and rainfall data from two
catchments in central Italy, which is subject to the Mediterranean
climate, having generally dry period from June to September and a
rainy season from October to May. Hence, the conclusions drawn in
G. Tayfur et al. / Journal of Hydrology 510 (2014) 363–371 371this study should be considered within this context. For different
regions under different climate conditions, the GRNN model needs
to be recalibrated and validated and for those areas studies will be
addressed as soon as data will be made available. The assessment
of the capability of soil moisture data to give useful information to
predict runoff at different scales will be also analyzed in order to
determine up to which spatial scale point soil moisture informa-
tion can be employed.Acknowledgements
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